Curvelets are a multiscale system with very high directional sensitivity. A new detection algorithm is herein described which operates on a curvelet decomposition of acoustic imagery. The algorithm detects the presence of cylindrical targets through a statistical mapping of curvelet coefficients. The coefficients are calculated as an inner product between image features and a curvelet basis element. The similarity in appearance between cylindrical targets and curvelet basis elements yield an accurate detection algorithm with a very low false alarm rate.
INTRODUCTION
The curvelet transform has only been developed in the last few years and is an attempt to overcome inherent limitations of traditional multiscale representations such as wavelets. Curvelets are an extension of wavelets that include the ability to characterize image areas.
Conceptually, the curvelet transform is a multiscale pyramid with many directions and positions at each length scale, and needle-shaped elements at fine scales. This pyramid is nonstandard, however. Curvelets have useful geometric features that set them apart from wavelets. Curvelets overcome limited directionality through the use basis elements that exhibit very high directional sensitivity. Curvelets are reviewed in Section 2.
This paper presents a new detection method using a curvelet decomposition and statistical estimation to perform target detection of cylindrical targets where high resolution features are available. Cylindrical targets present unique detection difficulties since they have variable sizes and their signatures are orientation dependent.
High-resolution acoustic sensors are being investigated to improve sea mine detection and classification. Synthetic aperture sonar (SAS) has emerged as a leading candidate in revealing fine details of underwater objects. The computer aided detection and computer aided classification (CAD/CAC) employed by lower-resolution sensors rely on coarse features [1] .
Synthetic aperture sonar achieves high resolution in the cross range dimension by taking advantage of the motion of the vehicle carrying the sonar to synthesize the effect of a large receiver aperture. The range resolution is a function of the bandwidth [2] .
Almost all sonar detection systems depend on operator involvement. The goal of CAD/CAC has traditionally been to alert operators to suspicious objects. In a real-time bandwidth limited system imagery of suspicious objects may be transmitted to an operator. However, only transmitting a clip removes context, which can limited operator interpretation. For example, a single sand ripple may look like a cylindrical target without its surroundings.
This detection algorithm employs a different paradigm. Rather than identifying suspicious objects, suspicious images are identified. The goal is to reduce the number of images, not necessarily the number of objects, that an operator must review. Reduced imagery is achieved through a very low and reliable false alarm rate. Furthermore, robustness is achieved by having minimal subjective parameters.
The detection algorithm finds cylindrical targets with unknown orientation and some size variability. Each sonar image is decomposed using a curvelet basis. The decomposition gives a set of sub-images for a series of rotations and scales. Each subimage is mapped to a common interval for comparison. The algorithm, presented in Section 3, searches for the best curvelet basis function match among the sub-images. Our algorithm is compared to ground truth in Section 4. The results cover two large and environmental distinct data sets.
CURVELETS
Wavelets have been successful in many areas of image processing when the image data is generally in hierarchical structure. Using multiscale approaches such as wavelets, an image can be decomposed into components at different scales. The curvelet transform is a multiscale pyramid with many directions and positions at each length scale. The cross-sections were calculated using ridgelets [3] . Construction of curvelets using ridgelets involves a complicated indexing structure which can hinder their appreciation.
The most recent curvelet constructions are based on a polar coordinate system in the frequency domain. Radial and angular windows are formed to provide orthogonal compactly supported windows using scales, rotations, and translations in much the same way that bandlimited wavelets form a basis using only scales and translations. The polar coordinate tiling is shown in Figure 1 .
Figure 1: Frequency space tiling
The radial window, W(r), and an angular window V(t) obey the admissibility conditions:
As in wavelet theory, we introduce the lowpass window 
The coarsest scale curvelets are non-directional. However, it is the behavior of the fine-scale directional elements that are of interest.
Curvelets are real-valued. The envelope is concentrated near a vertical ridge of length about The expected target size is bounded by a scale interval which determines are range of sub-images to be searched. Directionality is more variable and so, many directions are searched at each scale.
A curvelet decomposition of an image consists of a set of scale and rotation sub-images. Each image represents the set of translations of a scale-rotation basis element. The curvelet implementation used to produce our results is CurveLab [4] . Target detection is achieved by a search of each sub-image within an expected target size interval. Each sub-image is statistically modeled to determine the presence of anomalous pixels.
Curvelets coefficients can vary greatly across rotations and scales. The curvelet sub-images produced by CurveLab are different sizes. In order to compare the various sub-images and select the only that best captures a target, if it exists; we need a mapping to a common reference set. The mapping is done using a statistical model whose parameters are estimated for each subimage.
3.1.
Statistical Model The mapping is selected based on the exponential distribution. The probability density function corresponding to the exponential distribution is The number of elements that are expected to be greater than a threshold, T, is given by M G )) T ( 1 ( − . If K is the desired number of false alarms then T is found by
The threshold is independent of the scale of the curvelet values and sub-image size. All sub-images can be compared relative to a single threshold.
3.2.
Best Match Search First, a threshold is selected for all processing. This threshold represents the only algorithm parameter. Each sonar image is decomposed. The decomposition is searched for the one subimage with the best curvelet basis element match realized as pixels above the threshold. A further screening groups neighboring pixels to generate a single detection. It is possible that two objects with different orientations are contained in a single image. With our search, the stronger detection will mask the other object. However, this is not inconsistent as the image is deemed suspicious and subject to further processing or inspection.
RESULTS
The cylindrical target detection algorithm has been tested on two different data sets. One was collected in the Gulf of Mexico and the other in the Mediterranean near La Spezia and Levanto, Italy. The background for both image sets is benign sand. The Gulf of Mexico data set has 399 images with cylindrical targets in 11 of them. The Mediterranean data set has 220 images with cylindrical targets in 6 images.
The algorithm labels images as possessing targets or being clear. Both data sets had a variety of targets. Although the detection algorithm is designed for cylindrical targets, other targets can appear cylindrical at certain orientations. When images without cylindrical targets were detected by the algorithm they were judged as false alarms. The graph in Figure 5 shows the combined false alarm for both sets versus the threshold settings. The graph is close to a linear relationship. But, the grouping of neighboring pixels reduces the false alarm rate. The graph in Figure 6 is a receiver operating characteristic chart that shows detection percentage versus the false alarm (FA) rate. The curvelet space detection algorithm that we have presented has a very low false alarm rate, while maintaining nearly perfect detection.
